Current similarity measures for virtual screening are based on the use of molecular fingerprints and the Tanimoto coefficient. This paper describes two ways in which one can increase the effectiveness of similaritybased virtual screening: using similarity coefficients other than the Tanimoto coefficient for the comparison of molecular fingerprints; and using a graph-theoretic similarity measure based on the largest substructure common to a pair of molecules.
Introduction
Virtual screening involves the use of a computational scoring scheme to rank molecules in decreasing order of probability of activity in a bioassay of interest. The molecules are then assayed in decreasing rank order, thus ensuring that those with the highest associated probabilities are tested at as early a stage as possible in a lead-discovery programme. There are many ways in which virtual screening can be carried out [1] : here, we focus on the use of similarity searching for this purpose [2] . This involves taking a molecule (normally called the target structure) with the required activity, such as a weak lead from a high-throughput screening programme, and then searching a database to find the molecules that are structurally most similar to it. The similar property principle [3, 4] states that molecules that have similar structures are likely to have similar properties, and the nearest neighbours (i.e. the topranked molecules from the similarity search) are hence prime candidates for biological screening.
A molecular similarity measure has two principal components: (i) the structural representation, used to characterize the molecules, and (ii) the similarity coefficient, used to compute the degree of resemblance between pairs of such representations. Most current systems for similaritybased virtual screening use molecular 'fingerprints', which are binary vectors encoding the presence or absence of substructural fragments within a molecule, and the Tanimoto coefficient, which is discussed further in the next section of the paper.
Similarity measures based on fingerprints and the Tanimoto coefficient have been found to be highly effective, and they are also extremely efficient, involving just simple logical operations on binary strings to compute the number of bits common to a pair of fingerprints [2, 4] . Many other types of similarity measure are, however, possible, even if we restrict ourselves to the use of two-dimensional (2D) chemical structure diagrams and take no account of three-dimensionalbased approaches to virtual screening [1] : these are becoming increasingly popular, but are, currently at least, extremely demanding of computational resources. Here, we report recent work on two approaches to similarity-based virtual screening. The first involves the use of similarity coefficients other than the Tanimoto coefficient for the comparison of pairs of fingerprints [5, 6] ; the second involves the use of similarity measures that are based on the identification of the largest substructure common to a pair of molecules [7] [8] [9] .
Coefficients for fingerprint-based similarity searching
Our experiments used the set of 13 similarity coefficients shown in Figure 1 , these having been selected from a larger set of 22 coefficients in preliminary experiments [6] . As noted above, the Tanimoto coefficient (the first coefficient shown in Figure 1 ) has been widely used in previous studies of virtual screening; the work reported here sought to determine the effectiveness of the other coefficients shown in the Figure for this purpose. Our experiments were carried out using three chemical structure databases [namely, the National Cancer Institute (NCI) AIDS database, the ID-Alert database and the MACCS Drug Data Report (MDDR) database], and with the molecules in each database represented by one of three different types of fingerprint: those developed by Barnard Chemical Information Ltd. (BCI), Daylight Chemical Information Systems Inc. and Tripos Inc. A target structure was selected from a database, its similarity was computed with all of the other molecules in the database using one of the 13 coefficients, and the top-ranked molecules were checked to ascertain whether they had the same activity as the target structure. In our simulated virtual screening experiment, this information was already available, as each of the molecules in each of the databases had associated bioactivity data; in a real situation, the top-ranked molecules from the fused ranking would then be bioassayed. Here, the effectiveness of a search was taken to be the number of actives at some rank cut-off, e.g. the top 50 nearest neighbours.
In fact, we have considered not just the individual coefficients, but also combinations of them, using a technique known as data fusion [10] . This involves generating a ranking of a set of compounds in several different ways -in the present context, by using different similarity coefficientsand then combining (or fusing) these rankings to give a single ranking that is the output from the search procedure. There are various ways in which this combination can be effected: here, we used the sum-based procedure recommended by Ginn et al. [10] . The fusion experiments used all of the n C 13 possible combinations for n = 1-13 (where n = 1 denotes the use of the individual coefficients and n = 13 denotes the fusion of the rankings for all of the 13 coefficients).
Detailed studies using a range of types of bioactivity demonstrated that combining coefficients normally gave some improvement (in the range 1-5%) over using just a single coefficient, in the sense that the best possible combination of coefficients retrieved more actives than did the best possible single coefficient (which was occasionally, but by no means invariably, the Tanimoto coefficient). This performance increase peaked when between two and four rankings were combined, but, in many cases, still remained high for much larger numbers of fused rankings. However, the average performance of fused combinations rarely exceeded the performance of the best single coefficient, which would indicate that it is important to choose the right coefficients to fuse.
In order to decide which coefficients should be combined, we looked at their contributions to the combinations in which they were involved. For example, each coefficient will occur in 66 of the 3 C 13 three-coefficient combinations, and we hence summed its performance across all the combinations involving it to reflect the overall performance of that coefficient for that particular search. Extensive searches [6] revealed a very disparate range of behaviours. For example, searches for 5HT4 ('5-hydroxytryptamine 4') agonist targets and HIV-1 protease inhibitors suggested choosing Tanimoto and Russell/Rao coefficients for a two-coefficient combination, Russell/Rao, Tanimoto and Fossum coefficients for three-coefficient combination, and Russell/Rao, Tanimoto, Fossum and Ochiai/Cosine coefficients for a fourcoefficient combination. However, the searches for dopamine agonists and acetylcholinesterase inhibitors showed Russell/ Rao to be the worst of all of the coefficients, with the best combinations here involving the Forbes, Simple Match and Baroni-Urbani/Buser coefficients.
Detailed analysis of the results revealed that the principal determinant of the effectiveness of retrieval was the size, as approximated by the number of bits set in a molecule's fingerprint. Specifically, the Russell/Rao coefficient (and combinations containing it) performs particularly well with large actives, and particularly badly with small actives; the converse applies to the Forbes coefficient (and, to a lesser extent, to the Simple Match coefficient). The Tanimoto, Baroni-Urbani/Buser, Kulczynski(2), Fossum and Ochiai/ Cosine coefficients perform reasonably well across the range of molecular sizes, which helps to explains the current widespread use of the Tanimoto coefficient. Hence, if we know something about the size of the actives that are being searched for, it may be possible to increase the performance of existing systems for virtual screening; if this information is not available, then the Tanimoto coefficient should continue to be used.
Graph-based similarity searching
The second approach represents molecules by chemical graphs and quantifies the degree of resemblance between two molecules by the size (in terms of the numbers of atoms and bonds) of the largest substructure common to the molecules: in the graph-theoretic literature, the identification of this largest common substructure is known as the maximum common subgraph (MCS) problem [8] . The identification of the MCS is orders of magnitude slower than the identification of the bits common to two fingerprints that characterizes current measures of molecular similarity. It has thus not been generally possible, to date, to use MCS-based similarity measures for processing large chemical databases; however, we have recently developed a new algorithm to address this problem [8] [9] [10] .
The algorithm, which is called RASCAL (for rapid similarity calculation), has two principal components: screening and rigorous graph matching. The screening procedure is intended to determine rapidly whether the chemical graphs being compared exceed some specified minimum similarity threshold, in order to avoid unnecessary calls to the more computationally demanding graph-matching procedure. The identification of the MCS in the final graphmatching stage is then effected by means of a cliquedetection procedure that includes several novel pruning heuristics. RASCAL is a complex algorithm, the cliquedetection stage particularly so, and a detailed description here is not appropriate; instead we focus on its efficiency and effectiveness.
RASCAL's efficiency was tested by calculating all of the distinct pair-wise similarity coefficients for eight sets of druglike compounds that had been downloaded from the Worldwide Web [9] . The screening stage requires the specification of a user-defined threshold similarity; molecules in the database having a similarity less than this threshold with the query structure are eliminated from further consideration, and not passed on for processing in the clique-detection stage. This ensures the elimination of molecules having only a limited degree of resemblance to the target structure, and maximizes the overall speed of the algorithm. Here, we used similarity thresholds in the range 0.70-0.85 for a graph-based version of the Ochiai/Cosine coefficient (the fifth of the coefficients listed in Figure 1) : specifically, the number of bits in each fingerprint and the number of bits in common are replaced by the size (in terms of numbers of atoms and bonds) of each of the molecules and the size of the largest common Table 1 Cumulative recall in similarity searches of the ID-Alert database retrieving the top-n ranked structures using RASCAL and BCI fingerprints RASCAL BCI Similarity coefficient n = 25 n = 50 n = 100 n = 25 n = 50 n = 100 Tanimoto substructure [9] . Averaging over all of the data sets the mean time per comparison, using Visual C++ 6.0 programs executed on a 400 MHz Intel Celeron processor, ranges from 0.443 down to 0.0274 ms as the similarity threshold was raised from 0.70 to 0.85: for comparison, existing algorithms for chemical MCS detection are between 2 and 3 orders of magnitude slower. Even if we take the slowest comparison figure of 0.443 ms per comparison, this corresponds to approx. 22.3 h for calculating all of the ≈180 million similarities associated with these eight data sets. It is hence clear that RASCAL is sufficiently fast in execution to allow exact MCS-based similarity searching of very large databases, something that has not, to our knowledge, been possible previously.
We have evaluated the effectiveness of RASCAL by means of simulated virtual screening experiments, using the IDAlert and MDDR databases in the same way as in the fingerprint-based searches described in the previous section. Several different coefficients of graph similarity were used in RASCAL, and the results were compared with those obtained from similarity searches based on BCI, Daylight and UNITY fingerprints. The same set of 100 target structures was searched using ten different fingerprint coefficients (each with the three different types of fingerprint), eight different graph coefficients, two different evaluation approaches and a range of different rank cut-offs. Raymond and Willett [7] discuss the very extensive results that were obtained; here, we present just a single set of results, as shown in Table 1 . This lists the cumulative recall, i.e. the fraction of the total number of actives in the database that are retrieved at some specific rank cut-off, obtained using the ID-Alert database, the BCI fingerprints for comparison with RASCAL, and three similarity coefficients, where there was a direct family relationship between the algebraic forms of the graph-based and fingerprint-based coefficients. It will be seen that there is little difference between the effectiveness of the graph-based and fingerprint-based searches. However, this should not be taken to mean that the two types of search duplicate each other, as an analysis of the identities of the retrieved actives (rather than just the number of them as in Table 1) shows that there are substantial differences (of approx. 30%) in the sets of actives that are retrieved. This suggests that improvements in retrieval effectiveness might be achieved by combining the two sorts of ranking using data fusion: experiments with the MDDR database show that this does indeed lead to an improvement of approx. 5% in recall, when compared with the better of the two individual types of search.
Conclusions
In this paper we have summarized recent work carried out at the University of Sheffield on similarity-based methods for virtual screening, which may provide effective alternatives to current operational systems based on the use of molecular fingerprints and the Tanimoto coefficient. Our comparison of similarity coefficients has demonstrated that it is difficult to improve on the performance of the Tanimoto coefficient, when averaged over large numbers of similarity searches. However, two other coefficients, the Forbes coefficient and the Russell/Rao coefficient, may be preferable to the Tanimoto coefficient if small or large, respectively, active molecules are being sought. Improvements in performance can also be achieved by combining the rankings resulting from different coefficients, although there is again much variability in the data. Our new algorithm, RASCAL, for the calculation of MCS-based measures of 2D structural similarity would appear to provide a practical way of carrying out MCS-based virtual screening of large chemical databases. Extensive searching experiments demonstrate that RASCAL-based searches are comparable in effectiveness with conventional, fingerprint-based similarity searching; however, the RASCAL and fingerprint measures identify non-identical sets of active molecules, suggesting the use of RASCAL as an effective complement to existing procedures for virtual database screening.
